This study proposes a time-varying effect model that can be used to characterize gender-specific trajectories of health behaviors and conduct hypothesis testing for gender differences. The motivating examples demonstrate that the proposed model is applicable to not only multi-wave longitudinal studies but also short-term studies that involve intensive data collection. The simulation study shows that the accuracy of estimation of trajectory functions improves as the sample size and the number of time points increase. In terms of the performance of the hypothesis testing, the type I error rates are close to their corresponding significance levels under all combinations of sample size and number of time points. Furthermore, the power increases as the alternative hypothesis deviates more from the null hypothesis, and the rate of this increasing trend is higher when the sample size and the number of time points are larger.
use by gender: females tended to be involved in higher levels of substance use in early adolescence, whereas males exhibited greater increases across time and higher levels of use in mid-adolescence and early adulthood. An important limitation of the methodology used in the study is that the developmental trajectories for all the three substances were derived by fitting quadratic growth models that pre-specified a simple shape for developmental changes, which may contribute to the similarity in trajectories across substances. In addition, gender differences were tested implicitly through the interactions between the group indicator and linear/ quadratic terms. Such simple shapes can hardly characterize the complex developmental trajectories of substance use, especially when there are many time points spanning a long developmental period.
In recent years, the time-varying effect model (TVEM) has been introduced and extended for broader applications in the substance abuse field. [9] [10] [11] [12] [13] [14] The TVEM explicitly characterizes gender differences in developmental trajectories of substance use across the critical period by modeling gender as a time-varying effect, which can be easily understandable to the scientific community as well as the general public through graphical presentation. Such trajectories are estimated through non-parametric regression functions that do not assume fixed shapes like conventional growth curves, and thus may reveal different timing of prevention and intervention for gender groups. Furthermore, this kind of model can be applied to not only multi-wave longitudinal studies, but also short-term studies that involve intensive data collection methods such as ecological momentary assessment or daily diaries, which are becoming more popular for studying patterns of health behaviors. [15] [16] [17] [18] Although these two types of studies are different in terms of the duration between time points, the numbers of time points and the richness of data in both studies tend to be beyond what traditional parametric methods can fully characterize.
This study proposes a TVEM to (1) characterize gender-specific trajectories of health behaviors and (2) conduct hypothesis testing for gender differences. We demonstrate an application of the model using longitudinal data from a well-known prospective study on the development of substance use and abuse, the Michigan Longitudinal Study (MLS), 19 that is following high-risk youth from childhood to adulthood. Another application of the model is demonstrated by using daily diary data from the National Survey of Midlife Development in the United States (MIDUS). 20 The MIDUS data were also used to design a simulation study evaluating the performance of the proposed method in terms of the accuracy of estimation of trajectories, type I error rate, and statistical power under different conditions.
The model
Let Yðt ij Þ be the j-th observed outcome from the i-th subject at t ij ði ¼ 1, . . . , . . . , N; j ¼ 1, . . . , . . . , J i Þ and k be the group (e.g. gender) that Subject i belongs to (k ¼ 1, 2). We consider the following non-parametric generalized mixed effect model for the measurement
where gðÁÞ is a known link function under the framework of generalized linear models 21 ; ðt ij Þ is the trajectory of the k ¼ 2 group; ðt ij Þ delineates the time-varying difference between the two groups; and b i is a random individual effect modeling within-subject correlation, and is assumed to follow a normal distribution with mean 0 and variance 2 . The distribution of Yðt ij Þ is thus completely characterized by ðt ij Þ, ðt ij Þ and b i . One advantage of this model over fitting a separate non-parametric trajectory for each group is that ðt ij Þ can characterize the group difference across time explicitly. The time-varying coefficients in model (1) can be represented using basis expansions. Thus, the non-parametric functions ðt ij Þ, ðt ij Þ are treated as linear combinations of several known parametric functions. We choose to use a spline basis to represent them as piecewise cubic functions. On each of several intervals defined by knots, the spline function is cubic. At a knot, the spline function is continuous and has continuous first and second derivatives, although the third derivative may be discontinuous at the knots. This allows any smooth shape to be approximated well if enough knots are used. Specifically, we use a B-spline basis, 22 which can be automatically generated by most commonly used statistical software packages such as SAS and R, for a given set of knots. The basis functions are always non-negative, and each is zero over most of the interval, so that each knot's basis function is orthogonal to the other basis functions except for its closest knot neighbors. However, overfitting may still occur with a B-spline basis if too many knots are used. For simplicity, in this paper, we adopt the approach of Shiyko et al. 23 that used a small number of equally spaced knots and treated the selection of the number of basis functions as a model selection problem.
After defining the basis functions using the B-spline formula, equation (1) can be written as a parametric form
where 1 ðt ij Þ, . . . , P ðt ij Þ and 1 ðt ij Þ, . . . , Q ðt ij Þ are known functions of time defined using the recursive B-spline formulas; 1 , . . . , P and 1 , . . . , Q are the corresponding regression coefficients. Equation (2) is thus a generalized linear mixed model with P þ Q þ 1 parameters. For the binary case, the likelihood function for Subject i is
For the continuous case, it is
where f ð yðt ij ÞÞ stands for the density function of Yðt ij Þ. The likelihood function for the entire sample is thus
We use the R-package lme4 to derive the maximum likelihood estimates of the parameters. In practice, researchers are interested in graphing gender-specific trajectories. Based on the fixed effects in equation (2), the trajectory for the k ¼
The delta method can be used to estimate the variance of the estimated functions of these two groups at any time t. In this way, we can obtain the pointwise confidence intervals which can be plotted along with the estimated trajectories.
Researchers are also interested in testing whether there exists any gender difference. We formulate this hypothesis testing problem as follows
Under H 0 , the two groups have the same trajectory (i.e. there is no group difference). Following the method described above, we can estimate ðtÞ under H 0 , as well as ðtÞ and ðtÞ under H 1 . We can further evaluate the loglikelihood functions under H 0 and H 1 denoted by ' ðH 0 Þ and ' ðH 1 Þ, respectively. The generalized likelihood ratio test (GLRT) for the hypothesis can thus be defined by T ¼ 2f' ðH 1 Þ À ' ðH 0 Þg. Following Cai et al., 9 we can conduct bootstrap sampling to estimate the p-value for the GLRT.
The motivating examples
We use two well-known studies in the field of health behavior research to demonstrate that the proposed model can be applied to not only multi-wave longitudinal studies, but also short-term studies that involve intensive data collection such as daily process studies.
The Michigan longitudinal study (MLS)
The MLS is an ongoing prospective study of people at high risk for substance abuse and disorder. 19 It is the developmentally earliest study currently extant and is also one of the longest running projects in the field of substance abuse. We chose to use data from the MLS to demonstrate the application of the proposed method, because the study is highly influential, and the features of the data are typical in the field. Thus, our methodological work may have high applicability to the field. More importantly, these rich longitudinal data provide a rare opportunity for us to examine gender differences in alcohol use developmentally. Such investigation could shed some light on future prevention and intervention work.
The MLS recruited participant families using fathers' drunk driving conviction records and door-to-door community canvassing in a four-county area in mid-Michigan. All participants received extensive in-home assessments of their substance use and related risk factors and consequences at baseline, and thereafter at three-year intervals. The children of participant families were followed from early childhood to adulthood. During the critical developmental period of alcohol use onset and peak use (early adolescence to young adulthood), these children were assessed annually in order to measure drinking onset and patterns more accurately. In this study, we use longitudinal data (ages 12 to 26) from a sample of 699 children (70.2% males) for analysis. The maximum number of time points available is 15, although some participants may skip certain time points.
Our investigation aims to (1) characterize gender-specific alcohol use behavior developmentally from early adolescence to young adulthood, and (2) test gender differences in developmental trajectories. In our analysis, the outcome at each time point is a composite measure of alcohol consumption, which is the product of the number of drinking days in past month and the average number of drinks per drinking day. Gender is treated as a time-varying effect through ðtÞ in model (1); the link function gðÁÞ is the identity. Using AIC and BIC, we choose five knots to approximate the trajectories. Panels (a) and (b) in Figure 1 show the developmental trajectories of females and males, respectively. Using the asymptotic normality of the resulting estimate, the asymptotic pointwise confidence intervals (CI) of the trajectories of group 1 and group 2 (i.e. ðtÞ þ ðtÞ and ðtÞ) at time t ij arê adolescence. Although alcohol consumption for both groups increases from middle adolescence to young adulthood, the rate of change is much higher among males. Furthermore, the decreasing trend for both groups after age 24 probably reflects that people tend to ''mature out'' of heavy drinking due to family or job responsibilities. Moreover, the result of the GLRT indicates that there are significant gender differences with T ¼ 161. 29 and the corresponding p-value estimated to be around 0 by bootstrap sampling.
The National Survey of Midlife Development in the United States (MIDUS II)
The Daily Stress Project of MIDUS II was designed to examine how sociodemographic factors, health status, personality characteristics, and genetic endowment modify patterns of change in exposure to day-to-day life stressors as well as physical and emotional reactivity to these stressors. 20 The survey data were collected from 2022 non-institutionalized adults aged 35 to 85 in the United States from 2004 to 2009. Participants completed daily phone surveys on stressors, physical symptoms, and positive/negative affect for eight consecutive days. Although daily process methods provide prospective data for examining the dynamic associations between health behaviors, they unavoidably involve self-monitoring of the target behavior, which is an active component of some cognitive-behavioral interventions. 24 The potential measurement reactivity (defined as changing the target behavior due to self-awareness) is undesirable for those studies that aim to investigate the association between the target behavior and its precursor or consequence. On the other hand, for those applications aiming to facilitate behavior changes, such an effect can be used to boost or extend intervention effects. 25 Thus, verifying measurement reactivity is an important research question, especially given that existing empirical investigations are few and have produced mixed results. 26, 27 Our investigation aims to (1) characterize the gender-specific patterns of change in self-reported physical symptoms during the eight days of assessment, and (2) test gender differences in patterns of change. In our analysis, the outcome at each time point is a binary variable for any physical symptoms reported in a day (1 ¼yes; 0 ¼no). Gender is treated as a time-varying effect through ðtÞ in model (1); the link function gðÁÞ is the logit. Using AIC and BIC, we choose three knots to approximate the patterns of change. Panels (c) and (d) in Figure 1 show the patterns of change in the odds of reporting any physical symptoms for females and males, respectively. Females tend to have much greater odds of reporting physical symptoms, particularly in the first few days. Further, measurement reactivity is evident in both gender groups in the beginning of the assessment period. Moreover, the result of the GLRT indicates that there are significant gender differences with T ¼ 50.42 and the corresponding p-value estimated to be about 0 by bootstrap sampling.
Simulation study
In this section, we examine the performance of the proposed method under different situations. The design of the simulation is based on the feature of the MIDUS data demonstrated in section 3. The response is a binary variable which follows model (1) with the link function gðÁÞ being the logit function and the group indicator k ¼ 1 corresponding to females. We generate the response Y using the estimated functions of ðtÞ, ðtÞ, and b i from the fitted model of these national data. We manipulate four factors: (i) the sample size: N ¼ 100, 200, and 400; (ii) the number of time points: J ¼ 8 and 16; (iii) the proportion of zeros in the response Y from all participants across all waves: 30%, 50%, and 70%; and (iv) the gender ratio: 1 : 1 and 3 : 1. We expect that the performance improves with the sample size and the number of time points. We also expect that the proposed method may perform better in the setting with 50% zeros than in the other settings, because the former tends to have greater Fisher information. Furthermore, we expect the performance to be better when the sample sizes of the two gender groups are about the same.
The accuracy of estimation of trajectory functions
We evaluate the performance of the proposed method concerning the accuracy of the estimation of trajectory functions, ðtÞ and ðtÞ, under different combinations of the sample size, the number of time points and the proportion of zeros. It is straightforward to manipulate the former two factors. However, the proportion of zeros in the response is manipulated indirectly by altering ðtÞ and ðtÞ. Let 0 ðtÞ and 0 ðtÞ be the trajectory functions in the model fitted on the national data. We obtain three different proportions of zeros, 30%, 50%, and 70%, through the following trajectory functions, respectively: (1) ðtÞ ¼ 0 ðtÞ and ðtÞ ¼ 0 ðtÞ; (2) ðtÞ ¼ 0 ðtÞ and ðtÞ ¼ À2 0 ðtÞ; and (3) ðtÞ ¼ À1:8 0 ðtÞ and ðtÞ ¼ 0 ðtÞ. Please note that the function ðtÞ here refers to the one defined in equation (1) rather than the mean of the response Y. The criterion for evaluating the accuracy of estimation of trajectory functions is the mean integrated squared error (MISE) Table 1 shows the MISE and its empirical standard error under different combinations of the three factors. Based on the table, the accuracy of the proposed method improves as the sample size and the number of time points increase. For example, when N ¼ 100 and J ¼ 8, the MISE and the corresponding standard error are larger in comparison to other settings with the same proportion of zeros in the responses. Controlling for the effects of sample size and number of time points, when the proportion of zeros increases from 30% to 50%, the performance of our method does not change much as demonstrated by the similar MISEs and standard errors. However, when the proportion of zeros increases from 50% to 70%, the performance of our method becomes worse based on the larger MISEs and standard errors. Furthermore, the performance of the method tends to be better when the gender ratio is 1 : 1 (like the national data example), in comparison to the setting when the gender ratio is 3 : 1 (like the MLS data example). However, the impact of gender ratio becomes unimportant when the proportion of zeros is 70% and the performance is poor anyway.
The type I error rate and power of the hypothesis testing
We also evaluate the performance of the hypothesis testing in terms of the type I error rate and power. Our simulation involves the setting of H 0 : ðtÞ ¼ 0 versus H 1 : ðtÞ ¼ ðtÞ, whereðtÞ is the trajectory function in the model fitted on the national data; and the value of is manipulated to reflect different levels of deviation from H 0 . In this part of the simulation study, we only manipulate the sample size and the number of time points because manipulating the proportion of zeros would require altering ðtÞ. We also adopt the gender ratio in the national data when generating the gender of the subjects in the simulation samples. Because the proposed model is nonparametric, we can only derive the empirical distribution of the test statistics T ¼ 2f' ðH 1 Þ À ' ðH 0 Þg through simulation. Under each combination of the sample size and the number of time points, we generate 10,000 data sets under H 0 and then conduct the hypothesis testing which results in 10,000 values of T. The critical values of T 0:01 , T 0:05 , T 0:10 , T 0:25 are thus the 99th, 95th, 90th, and 75th percentiles from this empirical distribution of T. After obtaining the critical values under each situation, we investigate the effect of on the power of the test by taking a grid of over (0, 2). Under each situation, we generate 1000 data sets for each value of and conduct the hypothesis testing on the data sets (using the four critical values) to examine the type I error rate and the power corresponding to the four values of (i.e. significance levels). Table 2 shows the type I error rates (i.e. the values of power when ¼ 0), which are close to their corresponding significance levels under all settings. Figure 2 depicts the power as a function of and under different situations. As demonstrated by the figure, the power increases as increases and the value of power is 1 when is greater than 1.5. In addition, the rate of this increasing trend is higher when the sample size and the number of time points are larger. Table 1 . MISE under different sample sizes, numbers of time points, proportions of zeros, and gender ratios. 
Discussion
This study proposes a TVEM that can be used to characterize gender-specific trajectories of health behaviors and conduct hypothesis testing for gender differences. The major strengths of the model include (1) treating gender differences as a time-varying effect; and (2) modeling time-varying effects with flexible smooth functions derived from empirical data. The proposed model can be applied to not only multi-wave longitudinal studies like the MLS, but also short-term studies that involve intensive data collection such as the daily diary data from the MIDUS. Furthermore, the design of our simulation study is unique because it simulates the features of the MIDUS data so that the results can be generalizable to the field of health behavior research. The simulation study shows that the accuracy of estimation of trajectory functions improves as the sample size and the number of time points increase. Controlling for the effects of these two factors, the proportion of zeros only has a considerable negative effect on accuracy when it increases from 50% to 70%. In terms of the performance of the hypothesis testing, the type I error rates are close to their corresponding significance levels under all combinations of sample size and number of time points. Furthermore, the power increases as the alternative hypothesis deviates more from the null hypothesis, and the rate of this increasing trend is higher when the sample size and the number of time points are larger.
Although the methodology proposed in this study was motivated by our research interest in gender differences, it can be applied to a variety of contexts that involve the comparison between two trajectories or change patterns. For example, the model can be used to characterize the developmental trajectory of substance use among children of alcoholic (COA) and compare it with the trajectory of non-COA. Future work may be needed to extend the methodology to handle the settings with more than two groups such as studying racial differences.
The proposed model accounts for subject-specific effects only through a random intercept. Thus, the outcomes of the same subject at any two time points are treated as equally correlated regardless of the size of the time difference between the time points, and this may not be realistic in some settings. Popular longitudinal models assuming autocorrelation for the residuals (such as AR-1), on the other hand, treat the lag between each consecutive pair of measurements as equivalent. This assumption may not apply to those settings that involve random or inconsistent measurement times. A more straightforward way to incorporate longitudinal correlation, therefore, is to add a random subject-level slope to the right-hand side of model (1) . Further research is, thus, warranted regarding how best to implement more complex random effect structures while still allowing the timevarying effects to be easily estimated and interpreted with standard software.
In spite of the fact that the proposed model can handle a variety of measurement scales under the framework of generalized linear models such as continuous and binary outcomes (as demonstrated in our motivating examples), future work is needed to extend the model to deal with other scales that are also common in the health behavior field including ordinal outcomes 10 and zero-inflated counts. 28, 29 Furthermore, our work in this paper focuses on the setting that involves a single health behavior. Future studies may consider modeling multiple health behaviors that tend to co-occur such as substance use behaviors, violence behaviors, and HIV sexual risk behaviors.
